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Neural activity in the premotor and motor cortices shows prominent structure in the beta frequency range (13–30 Hz). Currently, the
behavioral relevance of this beta band activity (BBA) is debated. The underlying source ofmotor BBA and how it changes as a function of
cortical depth are also not completely understood. Here, we addressed these unresolved questions by investigating BBA recorded using
laminar electrodes in the dorsal premotor cortex of 2male rhesusmacaques performing a visual reaction time (RT) reach discrimination
task. We observed robust BBA before and after the onset of the visual stimulus but not during the arm movement. While poststimulus
BBA was positively correlated with RT throughout the beta frequency range, prestimulus correlation varied by frequency. Low beta
frequencies (12–20Hz)were positively correlatedwithRT, and high beta frequencies (22–30Hz)were negatively correlatedwithRT.
Analysis and simulations suggested that these frequency-dependent correlations could emerge due to a shift in the component frequen-
cies of the prestimulus BBA as a function of RT, such that faster RTs are accompanied by greater power in high beta frequencies.We also
observed a laminar dependence of BBA, with deeper electrodes demonstrating stronger power in low beta frequencies both prestimulus
and poststimulus. The heterogeneous nature of BBA and the changing relationship between BBA and RT in different task epochsmay be
a sign of the differential network dynamics involved in cue expectation, decision-making, motor preparation, andmovement execution.
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Introduction
Fluctuations in the beta (13–35 Hz) range of the local field po-
tential (LFP) and spiking activity are consistently observed in
monkeys performing instructed delay (Sanes and Donoghue,
1993; Zhang et al., 2008; Kilavik et al., 2012, 2013; Stetson and
Andersen, 2014; Khanna andCarmena, 2017) and cognitive tasks
(Murthy and Fetz, 1992; Lee, 2003; Rubino et al., 2006;
Buschman and Miller, 2007; Pesaran et al., 2008; Feingold et al.,
2015;Markowitz et al., 2015; Sherman et al., 2016; Haegens et al.,
2017). Other studies demonstrated prominent beta band activity
(BBA) in humans performing motor, auditory, and cognitive
tasks (Saleh et al., 2010; Tzagarakis et al., 2010; Zaepffel et al.,
2013; Keitel and Gross, 2016). Clinical studies suggest that BBAReceived April 22, 2018; revised Nov. 29, 2018; accepted Dec. 17, 2018.
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Significance Statement
Beta band activity (BBA) has been implicated in motor tasks, in disease states, and as a potential signal for brain–machine
interfaces. However, the behavioral relevance of BBA and its laminar organization in premotor cortex have not been completely
elucidated. Here we addressed these unresolved issues using simultaneous recordings frommultiple cortical layers of the premo-
tor cortex of monkeys performing a decision-making task. Our key finding is that BBA is not a monolithic signal. Instead, BBA
consists of at least two frequency bands. The relationship between BBA and eventual behavior, such as reaction time, also
dynamically changes depending on task epoch. We also provide further evidence that BBA is laminarly organized, with greater
power in deeper electrodes for low beta frequencies.
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changes with age (Rossiter et al., 2014), is modulated in disease
states (Brown, 2006; Brittain et al., 2014; Proudfoot et al., 2017),
and may be useful for brain machine interfaces (Bai et al., 2008;
Flint et al., 2013; So et al., 2014; Gilja et al., 2015; Stavisky et al.,
2015; Pandarinath et al., 2017). Despite insights gained about
BBA, questions about its role and origin still remain. Here, we
focus on two unresolved questions.
Our primary goal is to understand the relevance of BBA in the
premotor cortex for decision-making. Three hypotheses have
been proposed for the role of BBA in the premotor system—
postural holding, maintenance of the current state, and atten-
tion—each making specific predictions relating BBA and
reaction time (RT) (Fig. 1) (Khanna and Carmena, 2015). The
postural holding hypothesis posits that BBA is related to keeping
the hand still during the hold period of instructed delay tasks
(Baker et al., 1999; Kristeva et al., 2007; Khanna and Carmena,
2015). A second hypothesis suggests that BBA represents the de-
sire to maintain the current state of being (e.g., resisting start of
movement) (Gilbertson et al., 2005; Pogosyan et al., 2009; Engel
and Fries, 2010). The attentional hypothesis emerged from the
study of reach-target selection tasks and suggests that BBA re-
flects attention (Bouyer et al., 1987; Murthy and Fetz, 1992;
Zhang et al., 2008; Saleh et al., 2010). Here, we addressed the
behavioral relevance of BBA by examining the relationship be-
tween RT and BBA recorded fromdorsal premotor cortex (PMd)
of 2 monkeys (Zhang et al., 2008; Saleh et al., 2010; Tzagarakis et
al., 2010; Kilavik et al., 2012; Khanna and Carmena, 2017). The
monkeys performed an attentionally demanding visual reach
decision-making task that involved the somatomotor system and
induced significant variation in RT beyond the variability in-
duced by the different stimulus difficulties.
Our secondary goal is to further elucidate the laminar organi-
zation of BBA in premotor cortex. Some studies suggest that
deeper cortical layers of motor cortex and other brain areas are
involved in the generation of BBA (Wetmore and Baker, 2004;
Chen and Fetz, 2005; Roopun et al., 2006; Yamawaki et al., 2008;
Bastos et al., 2018). Others suggest that all cortical layers inmotor
cortex are involved in BBA (Kondabolu et al., 2016; Sherman et
al., 2016). Identifying how BBA changes as a function of cortical
depth could facilitate the development of the next generation of
computational models (Kopell et al., 2011; Lee et al., 2013; Bhatt
et al., 2016; Sherman et al., 2016). To study the laminar organi-
zation of BBA, we used multicontact electrodes that provided
simultaneous recordings across different cortical depths.
Weobserved that both prestimulus andpoststimulus BBAwas
correlated to RT, thus ruling out the postural holding hypothesis.
Poststimulus BBA was positively correlated with RT throughout
the beta range, while the correlation between RT and prestimulus
BBA was positive in the low beta frequencies (13–20 Hz) and
negative in the high beta frequencies (25–35 Hz). This
frequency-dependent correlation between RT and prestimulus
LFP power spectra likely emerges from a shift in prestimulus BBA
to higher frequencies for faster RTs. We also found that deeper
electrodes demonstrated more low beta power both prestimulus
and poststimulus.
Materials andMethods
Experimental design
Here we provide a brief description of the experimental design. Addi-
tional details about training, surgery, and a description of single-neuron
responses during the various epochs are found in a previous study
(Chandrasekaran et al., 2017). This study focuses on analysis of the pre-
stimulus (600 ms period before the onset of the checkerboard stimulus)
and poststimulus (300 ms period after the onset of the checkerboard
stimulus) LFP recorded during the same experiments. We also briefly
examine the 300 ms period after movement initiation, which we term
movement period.
Subjects. Our experiments were conducted using 2 adult male ma-
caque monkeys (Macaca mulatta; Monkey T, 7 years, 14 kg; Monkey O,
11 years, 15.5 kg) trained to reach for visual targets for a juice reward.
Monkeys were housed in a social vivariumwith a normal day/night cycle.
The protocols for our experiments were approved by the Stanford Uni-
versity Institutional Animal Care and Use Committee. We initially
trained monkeys to come out of the cage and sit comfortably in a chair.
After initial training, we performed sterile surgeries during which mon-
keys were implanted with head restraint holders (Crist Instruments,
cylindrical head holder) and standard recording cylinders (Crist Instru-
ments). Cylinders were centered over caudal PMd (16, 15 stereotaxic
coordinates) and placed surface normal to the cortex. We covered the
skull within the cylinder with a thin layer of dental acrylic/palacos.
Apparatus. The general setup for the experiments is shown in Figure
2a. Monkeys sat in a customized chair (Crist Instruments, Snyder Chair)
with the head restrained via the surgical implant. The arm not used for
reachingwas gently restrained using a tube and a cloth sling. Experiments
were controlled and data collected under a custom computer control
system (xPC target and Psychophysics Toolbox). Stimuli were displayed
on an Acer HN2741 computer screen placed30 cm from the monkey.
A photodetector (Thorlabs PD360A) was used to record the onset of the
visual stimulus at a 1 ms resolution. Each session we taped a small reflec-
tive hemispheral bead (11.5 mm, NDI Digital passive spheres) to the
middle digit of the right hand (left hand for Monkey O). The bead was
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Figure 1. Three existing hypotheses about the relation between prestimulus BBA and RT. Black, horizontal line indicates the postural hypothesis of BBA, where there is no relationship between
BBAandRT. Red, positively sloped line indicates themaintenancehypothesis of BBAbecause increasedBBAwouldbeassociatedwith longerRTs. Blue, negatively sloped line indicates theattentional
hypothesis of BBA because more BBA would signify greater attention on the task and therefore shorter RTs.
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taped 1 cm from the tips of the fingers, and the position of this bead was
tracked optically in the infrared (60 Hz, 0.35 mm root mean square
accuracy; Polaris system; Northern Digital). Eye position was tracked
with an overhead infrared camera (estimated accuracy of 1°, Iscan). To
get a stable eye image for the overhead infrared camera which acquires
the eye image, an infrared mirror transparent to visible light was posi-
tioned at a 45° angle (facing upwards) immediately in front of the nose.
This mirror reflected the image of the eye in the infrared range while
letting visible light pass through. A visor placed around the chair pre-
vented the monkey from bringing the bead to his mouth or touching the
infrared mirror or the juice tube.
Task structure. Experiments consisted of a sequence of trials, which
each lasted a few seconds; successful trials resulted in a juice reward, and
unsuccessful trials resulted in a time-out lasting 2–4 s. An example trial
timeline is shown in Figure 2b. Monkeys used their unrestrained arm
(Monkey T used his right arm, Monkey O used his left arm) to reach to
touch either red or green targets based on the dominant color in a central,
static checkerboard cue composed of isoluminant red and green squares.
For every trial, the monkey placed his unrestrained arm on a central
target (diameter  24 mm) and fixated on a small white cross (diame-
ter 6 mm). After350–400 ms had elapsed, two isoluminant colored
targets appeared 100 mm to the right and left of the central target. The
target configuration was randomized so that colors were not always tied
to reach directions: sometimes the red target was on the left and green on
the right, whereas other trials had the opposite configuration. After an
additional hold period (varying from 400 to 900 ms), a static checker-
board cue (15  15 grid of squares; each square 2.5 mm  2.5 mm)
composed of isoluminant red and green squares appeared on the screen
around the fixation cross (example stimuli are shown in Fig. 2c). The
monkeys reached for the target whose colormatched the dominant color
in the central checkerboard cue. For example, when therewasmore green
than red in the central checkerboard cue, the monkey had to choose the
green target. To “choose” a target, the animals moved their hand from
the central hold point and stably held a target for a short duration (min-
imum of 200 ms).
The taskwas anRTparadigm, so themonkeyswere free to initiate their
reachwhenever they felt therewas sufficient evidence for them to provide
a response. We did not impose any delayed feedback procedure in this
task, such as a delay between the time of reward and the completion of a
reach for a correct target (Roitman and Shadlen, 2002). The juice reward
was provided to the monkey immediately after the monkey provided a
correct response.
Weparameterized the checkerboard cue at several different levels from
almost fully red to almost fully green. We used 14 levels of red (ranging
from 11 red squares to 214 red squares) in the central checkerboard cue.
Each level of red had a complementary green level (e.g., 214 R, 11 G; and
214 G, 11 R squares). This defined seven levels of unsigned color coher-
ence (defined asC 
100 R G
R G
), ranging from 4–90%. The corre-
sponding signed color coherence was estimated without taking the
absolute value of the difference SC  100 R GR G .
For Monkey T, we used a uniform distribution of hold period dura-
tions between the onset of the targets and the onset of the checkerboard
cue. Monkey O attempted to anticipate the checkerboard cue onset. To
minimize this anticipation and reduce predictability, we used an expo-
nential hold period duration (400–800 ms) between the onset of the
targets and the onset of the checkerboard cue.
Electrophysiological recordings. Stereotactic coordinates, known re-
sponse properties of PMd and motor cortex, and neural responses to
muscle palpation served as our guides for electrophysiological record-
ings. We placed the chamber’s surface normal to the cortex to align with
the skull of themonkey, and recordingswere performedperpendicular to
the surface of the brain. Recordings were made anterior to the central
sulcus, lateral to the spur of the arcuate sulcus, and lateral to the precen-
tral dimple. For both monkeys, we confirmed our estimate of the upper
and lower arm representation by repeated palpation at a large number of
sites to identify muscle groups associated with the sites. Monkey T used
his right arm to perform tasks, whereas Monkey O used his left arm.
Recordings for this study were performed in PMd contralateral to the
arm used by the monkey. We focused on PMd due to its known role and
greater neural activity during the preparatory and premovement period,
as well its established role in decision-making (Thura and Cisek, 2014;
Coallier et al., 2015; Chandrasekaran et al., 2017).
We performed linear multicontact electrode (U probe) recordings in
the same manner as single-electrode recordings with some minor mod-
ifications. We used a slightly sharpened guide tube to allow the U probe
to penetrate the dura more easily. We also periodically scraped away any
overlying tissue on the dura under anesthesia. Sharp guide tubes and
scraping away dura greatly facilitated penetration of the U probe. We
typically penetrated the brain at very slow rates (2–5 m/s). Once we
felt that we had a reasonable sample population of neurons potentially
spanning different cortical layers, we stopped and waited for 45–60 min
for the neuronal responses to stabilize. The experiments then progressed
as usual. We used 180-m-thick, 16-electrode U probes with an inter-
electrode spacing of 150m; electrode contacts were100 k in imped-
ance. Signals were referenced to a single common reference (a guide tube
in contact with saline in the chamber).
We attempted to minimize the variability in U probe placement on a
session-by-session basis so that we could average across sessions. Our
approach was to place the U probe so that the most superficial electrodes
(electrodes 1, 2 on the 16-channel probe) were able to record multiunit
spiking activity. Any further withdrawal of the electrode from the cortex
resulted in the spiking activity for those electrodes disappearing and a
change in the overall activity pattern of the electrode (suppression of
overall LFP amplitudes). Similarly, driving the electrodes deeper resulted
in multiphasic extracellular waveforms and also a change in auditory
markers, whichwere characterized by decreases in overall signal intensity
and frequency content; both markers suggested that the electrode en-
tered white matter (Cooper et al., 1969). We used these physiological
markers as a guide to place electrodes and therebyminimize variability in
electrode placement on a session-by-session basis. Recording yields and
this careful electrode placement were in general better in Monkey T
(average of16 units per session) than Monkey O (average of9 units
per session).
The insertion technique necessitated a careful watch over the elec-
trode while lowering to ensure that it did not bend, break at the tip, or
excessively dimple the dura. We therefore were unable to use a grid
system to precisely localize the location of the U probes on different
days and to provide a map of how laminar profiles change in the
rostrocaudal direction.
LFPs. LFP recordings in Monkey T were performed using a 2 kHz
sampled signal. We then resampled this signal at 1 kHz and performed
subsequent spectral analysis on appropriate time epochs. ForMonkeyO,
twomethods were used. For 17 of the sessions, we recorded LFP at 2 kHz,
as in Monkey T. For the remaining sessions, we recorded broadband
extracellular activity at 30 kHz. We resampled this broadband extracel-
lular signal at 1 kHz and then again used it for subsequent spectral anal-
ysis. All resampling was performed using the MATLAB resample
command that first applies a delay compensating low pass filter and then
subsequently resamples the data avoiding aliasing.
RT. RT is defined as the time between stimulus onset and the time at
which themonkeymoved his hand from the central holding location and
beganmoving the hand toward one of the targets. RTwas estimated using
a velocity thresholding method (Chandrasekaran et al. 2017).
The RT by definition does not include the movement time, which is
time the hand is moving. RT is described in units of milliseconds. An RT
300 ms indicates that the monkey most likely did not incorporate the
presented stimulus into his response. These trials are not representative
of decision-making based on the provided stimulus and were therefore
removed from our analysis.
Statistical analysis
Psychometric curves for accuracy. For the analysis of the behavior, we used
the same 24 sessions for Monkey T (47,483 trials) and 44 sessions for
Monkey O (70,250 trials) from which we examined electrophysiological
data. Fits to psychometric curves and RT regressions were performed on
a per-session basis and then averaged over sessions. The behavior of an
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average session was estimated from 1500 trials. RT was estimated for
each session by including both correct and incorrect trials for each signed
color coherence.
We fit psychometric curves that describe how discrimination accuracy
changed as a function of unsigned color coherence. For every experi-
ment, we estimated the monkey’s sensitivity to the checkerboard cue by
estimating the probability (p) of a correct choice as a function of the
unsigned color coherence of the checkerboard cue (C). We used the
psignifit toolbox to fit this accuracy function using aWeibull cumulative
distribution function (Wichmann and Hill, 2001) as follows:
pc  1  0.5e	c/
	
The discrimination threshold,, is the color coherence level at which the
monkey would make 81.6% correct choices. The second parameter, 	,
describes the slope of the curve. The mean  parameter across sessions
was used as the threshold. We fit threshold and slope parameters on a
session-by-session basis and averaged the estimates. Themean and SD of
the threshold estimates are reported in Figure 2d.
RT versus coherence. To examine whether RT changed with color co-
herence, we adopted the procedure from Roitman and Shadlen (2002)
and used a linear regression between mean RT and log unsigned coher-
ence (4%–90%).
RTc  intercept  ac logec
We fit this regression model (see Fig. 2e) with ac as the slope of the
regression and report this number in the text.
LFP filtering.We removed the DC offset from the LFP time series and
used a second-order IIR notch filter to remove line noise (Mitra and
Bokil, 2008; Mitra et al., 2017). Line noise, which is centered at 60 Hz,
arises from radiative electrical pickup from lights and electrical equip-
ment.We centered the filter at 60Hz and set the quality factor (related to
the filter bandwidth) to 35.
Multitaper power spectra.To estimate the power spectra in Figures 3, 4,
5, 6, 8, we used the Chronux toolbox for MATLAB (Mitra and Bokil,
2008; Mitra et al., 2017), which implements the multitaper spectral esti-
mation method, with a time-bandwidth product of three and with five
leading tapers. Choice of other tapers did not result in any changes in our
conclusions. The power spectra have arbitrary units (A.U.) before they
are normalized.
Normalization of power spectra.Wenormalized the power spectra over
all power values (including all frequencies) from all trials for a given
electrode in a given session. We calculated the z score by subtracting the
mean (of all power values from all trials in that session) from each point
and dividing by the SD across trials.
SE. SE was defined as s/n, where s is the SD of the power spectra for
several sessions with respect to the sessions, and n is the number of
sessions. SE is shown in shading in plots of power spectra.
Split into RT quantiles. We first calculated the breaks for the RT per-
centiles for that monkey on that session, separating the trials with RTs
either 
85% of trials in that session and the trials with RTs 15% of
trials in that session.
Correlation between BBA and RT. For each electrode, per session of
data, we computed the partial Spearman correlation between the nor-
malized power at each frequency with RT, controlling for the coherence
of the checkerboard. Correlations were computed over large numbers of
trials for each electrode (mean of 1265 trials per electrode).
We used a partial correlation to control for the confounding variable,
the coherence of the checkerboard, which we know affects the RT and
will affect the postcue LFP power spectra and would therefore have oth-
erwise given misleading correlation values.
False discovery rate (FDR) adjustment. Significance of the correlation
values was adjusted using the Benjamini andHochberg (1995) procedure
for controlling the FDR of a family of hypothesis tests (Groppe, 2015).
Combining across animals. We combined animals when they showed
the same trends. Whenever data are shown combined across animals, it
was first normalized (as explained above); then sessions from each ani-
mal were pooled, and the average across all these sessions was calculated.
If statistical tests were done, they were done across the full pooled set of
sessions.
Simulating relationships between BBA and RT. To clarify the mathe-
matical relationship between BBA and RT, we performed a series of
simulations (see Fig. 6). We first randomly generated an RT value within
the range typically observed for our monkeys. Then, we created a variety
of LFP signals inwhich the frequency and amplitudewere either constant
or related in some way to the RT that was generated. The relationship
between frequency, amplitude, and RT is specified in the equations be-
low, where randn signifies a random number drawn from the normal
distribution.Within each frequency and amplitude relationship, we gen-
erated 1000 RTs and corresponding LFP signals. We then calculated the
power spectrum for each simulated LFP signal before correlating the
power spectra to the randomly generated RT. Each frequency and ampli-
tude relationship resulted in a different correlation with RT. The equa-
tions below match the panels shown in Figure 6.
Frequency  28  1.2 * randn
(i)
Amplitude  .3  5e-6 * RT  .001 * randn
Frequency  28  1.2 * randn
(ii)
Amplitude  .3  5e-6 * RT  .001 * randn
Frequency  28  1.2 * randn  .003 * RT
(iii)
Amplitude  1  .04 * randn
Frequency  28  1.2 * randn  0.003 * RT
(iv)
Amplitude  1  .04 * randn
Frequency  28  1.2 * randn  .003 * RT
(v)
Amplitude  .3  5e-6 * RT  .001 * randn
Frequency  28  1.2 * randn  .003 * RT
(vi)
Amplitude  .3  5e-6 * RT  .001 * randn
Wavelet analysis. We created time–frequency representations of our
data using thewavelet analysis implemented in the EEG toolbox from the
Computational Memory Lab of University of Pennsylvania (2008). We
used Morlet wavelets, which are standard for analysis of electroenceph-
alographic signals and LFPs (Tallon-Baudry et al., 1997; Lakatos et al.,
2007; Ghazanfar et al., 2008; Chandrasekaran and Ghazanfar, 2009). An
excellent primer on the use of wavelets to analyze electrophysiological
signals is available in Tallon-Baudry et al. (1997).
A key parameter that needs to be chosen in the wavelet analysis is the
ratio between the central frequency and the SD in the frequency domain
(f0/
f). This parameter in turn leads to a balance between time and fre-
quency resolution, with the SD in the frequency domain given as

t  1/2
f. We use a wavelet parameter of 6, which is very similar to
wavelet parameters used in previous studies (Tallon-Baudry et al., 1997;
Lakatos et al., 2007; Ghazanfar et al., 2008). At 24 Hz, a typical beta band
frequency, and a wavelet parameter of 6, our frequency resolution would
be 4 Hz, and the time resolution would be 39 ms. We chose center
frequencies (f0) according to the equation f0  2
x, where x 0.5:0.1:7,
which gave us frequencies from 1.42 to 128 Hz.
Results
Two trained monkeys (Monkeys T and O) discriminated the
dominant color of a central, static checkerboard cue composed of
mixtures of red and green squares and used an armmovement to
report the decision (Fig. 2a) (Coallier et al., 2015). Figure 2b
depicts a trial timeline. The trial beganwhen themonkey touched
the center target and fixated on the cross. After a variable target
viewing period, the red-green checkerboard cue appeared. The
task of the monkey was to make an arm movement toward
the target (red vs green) that matched the dominant color of the
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checkerboard cue. We term the time period (600 ms) before the
checkerboard cue appeared as the prestimulus period, the period
(300ms) after the checkerboard cue appeared as the poststimulus
period, and the time period (300 ms) after movement initiation
when the movement is performed as the movement period.
We parameterized difficulty of the discrimination (exam-
ple stimuli shown in Fig. 2c) by an unsigned color coherence
measure (C) defined as the absolute difference in the number
of red and green squares normalized by the total number of
squares in the checkerboard (C  100 * R 	 G/(R  G)). A
corresponding signed color coherencemeasure (SC) is defined
as SC  100 * (R 	 G)/(R  G). We previously reported the
behavior of the monkeys while they performed this task
(Chandrasekaran et al., 2017). Here we present the psycho-
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Figure 2. Recording locations, techniques, task, and discrimination behavior. a, An illustration of the experimental setup for data gathering in the discrimination task. We gently restrained the
resting armwith a plastic tube and cloth sling.We tracked a reflective IR bead taped on themiddle digit of the unrestrained hand tomimic a touch screen and to provide an estimate of instantaneous
arm position. We tracked eye position using an infrared reflective mirror placed in front of the monkey’s nose. b, Timeline of the discrimination task, showing the prestimulus period (the 600 ms
period before checkerboard onset, depicted as a blue rectangle), poststimulus period (the 300ms period after checkerboard onset depicted in purple), and postmovement period (the 300ms period
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squares and vice versa. d–e, Average discrimination performance (d) and RT (e) over sessions of the 2 monkeys as a function of the signed color coherence of the checkerboard. RT plotted here
includes both correct and incorrect trials for each session and then averaged across sessions. Gray markers represent measured data points along with 2x (SE) estimated over sessions, although
variation is so small that they are difficult to see in d. The black line segments are drawn in between thesemeasured data points to guide the eye. For most data points in d, the error bars lie within
themarkers. d, e, x axes represent the signed color coherence in%. y axes represent the percentage responded red in d and RT in e. Also shown in d are discrimination thresholds (mean SD over
sessions) estimated from a Weibull fit to the overall percentage correct as a function of unsigned coherence. The discrimination threshold is the color coherence level at which the monkey made
81.6%correct choices. A total of 24 sessions forMonkey T (47,483 trials) and44 sessions forMonkeyO (70,250 trials)went into these averages. f, Box-and-whisker plot of RT as a function of unsigned
checkerboard coherence. For each coherence, the centralmark of the box indicates themedian, the bottomand top edges of the box reflect the 25th and75th percentiles, respectively, themaximum
whisker length is specified as three times the interquartile range, and outliers are plotted as plus symbols. There is large variation of RTs both across andwithin coherences.g, Location of PMd along
with an example recording from a 16-electrode, 150m spacing U probe. The neuronal waveforms are taken from the recordings, and properties of these neuronal responses were reported in a
previous study.
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metric and chronometric curves for the sessions where we
examined the LFP.
On average across sessions, more ambiguous checkerboards
resulted inmore errors (Fig. 2d). We fit the proportion correct as
a function of unsigned coherence (C) using aWeibull function to
estimate slopes and psychometric thresholds (average R2; Mon-
key T: 0.99, over 24 sessions, 47,483 trials; Monkey O: 0.99 over
44 sessions, 70,250 trials; slope (), mean  SD over sessions,
Monkey T: 1.30  0.16; Monkey O: 1.26  0.15). Monkey T
displayed more sensitivity than Monkey O (thresholds are com-
puted on a per-session basis and averaged over sessions at 81.6%
correct, mean  SD: Monkey T, 9.87  1.12%; Monkey O:
15.05  1.79%, two-tailed test, Wilcoxon rank sum comparing
median thresholds, p 1.29e-11).
More ambiguous checkerboards also resulted in a slower
mean RT (Fig. 2e). We tested whether mean RT increased as loge
unsigned coherence decreases (that is harder stimulus difficul-
ties), as in Roitman and Shadlen (2002); average R2, Monkey T:
0.94; Monkey O: 0.59; slope of regression: mean SD over ses-
sions, Monkey T:	41.1 6.3 ms/loge unsigned coherence (%);
Monkey O: 	8.6  4.5 ms/loge unsigned coherence (%). Mon-
key T had a larger range of RTs compared withMonkey O (com-
paring the RT range between easiest and hardest difficulties
estimated over sessions; Monkey T: 115  19 ms; Monkey O:
28 11ms,Wilcoxon rank sumcomparingmedian ranges of RT,
p 1.29 10	11).
Although color coherence explains considerable variation in
RT, there is significant variation in RT that is not explained by the
coherence. A trial-by-trial linear regression between RT and un-
signed stimulus coherence only explained 10.8% of the variance
inMonkey T and only 1.3% inMonkey O. This variation in RT is
readily apparent even within a given color coherence (boxplot
shown in Fig. 2f), and our hypothesis is that this RT variability is
at least in part related to fluctuations in BBA (Fig. 1) (Pogosyan et
al., 2009; Kilavik et al., 2012; Chandrasekaran et al., 2017; Khanna
and Carmena, 2017).
LFP and neuronal responses during the prestimulus period
show prominent BBA
We first examined the LFPs recorded in PMd, specifically exam-
ining how the power across different frequencies of the LFP
changed throughout the reach decision task. BBA is apparent in
the prestimulus period (600 ms before the appearance of the
checkerboard stimulus), decreases during the poststimulus
decision-formation period, and remains low during the move-
ment epoch (Fig. 3a,b). This prestimulus increase in power in the
15–35 Hz range is consistent with the definition of BBA in both
frequency (15–35 Hz) and timing within task behavior (Sanes
andDonoghue, 1993; Baker et al., 1997; Kilner et al., 1999; Riddle
and Baker, 2006; Rubino et al., 2006; Baker, 2007; Klostermann et
al., 2007; Chakarov et al., 2009; Zaepffel et al., 2013). Decreases in
BBA after movement onset are also consistent with these and
other prior reports of beta event related desynchronization. Fi-
nally, activity in the  band (0.5–4 Hz),  band (4–7 Hz), and 
band (8–12 Hz) are present both before and after checkerboard
onset (Fig. 3a).
Several other analyses confirmed the existence of BBA during
the prestimulus period. Temporal fluctuations in the beta band
were readily visible in individual trials of the LFP, suggesting that
we are not artificially separating a broadband signal into oscilla-
tions in a specific frequency band (Fig. 3c). The power spectra for
the trials shown in Figure 3c corroborated this observation of
signals in the 15–35Hz range (Fig. 3d).We examined the average
power spectrum over all trials, electrodes, and sessions for three
different task periods: prestimulus, poststimulus, andmovement
(Fig. 3e). Significant BBA was consistently observed in our pop-
ulation recording during the prestimulus period with a peak fre-
quency approx 25 Hz.
LFP from the poststimulus period shows activity in both the
beta and  bands
Across both monkeys, BBA observed in the poststimulus period,
which is the 300 ms period after the onset of the checkerboard,
differs fromprestimulus BBA (Fig. 3e). After stimulus onset, BBA
has decreased peak power and a broader peak (covering more
frequencies). The frequencies present are, however, still consis-
tent with the broad frequency definition of BBA. The power spec-
tra in Figure 3e also suggest that activity in the 	 band was higher
in the poststimulus compared with the prestimulus period.
To better understand the changes between the periods, we normal-
ized the power in the poststimulus period by the prestimulus period
(Fig. 3f; power spectrum 
post stimulus pre stimulus
pre stimulus
). This nor-
malizationsuggestedadecrease inBBA,an increase in low-frequency(
and) activity, andan increase in low	activity fromtheprestimulus to
poststimulus epoch.
RT covaries with prestimulus BBA frequency and power
Our first goal in this study was to better understand the relation-
ship between BBA from the prestimulus and poststimulus peri-
ods and behavior, keeping in mind the various hypotheses about
BBA. First, we examined whether there were significant relation-
ships between the properties of prestimulus BBA and RT.
As an initial, exploratory analysis, we examined the extremes
of the data by splitting the data based on RT alone (including all
the checkerboard coherences) into the fastest trials with the
smallest 15% of RTs and the slowest trials with the largest 15% of
RTs and compared the average power spectra of the two groups
for each monkey. Using the fifth and 95th percentiles suggested
similar patterns. Across both monkeys during the prestimulus
period, this analysis suggested that the faster RTs have more
power in the higher frequencies of BBA (25–30 Hz) (Fig. 4a,b).
InMonkey T, the slower RT trials have slightlymore power in the
lower frequencies of BBA (15–25 Hz). In Monkey O, the faster
(smallest) RTs have more power for both the low and high fre-
quencies of BBA. This initial exploratory analysis suggests that
the frequency and power of BBA covary with RT.
Tomore rigorously quantify this relationship betweenRT and
the properties of prestimulus BBA, we performed three different
analyses, which we detail below.
First, we tested whether the two RT groupings had signifi-
cantly different peak frequencies. For each electrode and each
trial, we identified the peak frequency within the beta band (ig-
noring the strong , , and  activity) for the prestimulus period.
Within each RT-based group (one for the 15% slowest and one
for the 15% fastest RTs), we averaged peak frequency over trials
and then electrodes, finally pooling the sessions across monkeys.
We tested the distributions of peak frequencies during the pre-
stimulus period and found they were statistically different for the
two RT groups (two-sided sign test, 0.57 Hz higher median peak
frequency for the faster RT trials, p 0.001). Results were similar
when using the fifth and 95th percentiles.
Second, we examined the correlation between the peak fre-
quency and RT. We performed this analysis using partial Spear-
man correlations (i.e., we estimated the correlation between the
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peak frequency and RT while using checkerboard coherence as a
covariate). We averaged this correlation over electrodes for each
session, pooled both monkeys’ sessions, and then performed a
sign test for significance of the correlation relative to 0.We found
that faster RTs were accompanied by higher prestimulus beta
band peak frequency, as seen from the negative correlations be-
tween these two variables (median r across sessions	0.05, p
5.22 10	4).
Third, we examined whether the relationship between RT and
power was consistent with our hypotheses about BBA from Fig-
ure 1. Figure 4c shows the Spearman correlation between RT and
power for each frequency for a single session fromMonkey T. For
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1426 • J. Neurosci., February 20, 2019 • 39(8):1420–1435 Chandrasekaran, Bray et al. • Premotor Beta Band Activity during Decision-Making
this analysis, we selected all trials with the easiest checkerboard
coherence and then calculated the correlation between RT and
the normalized power at each frequency for these trials. We then
averaged over electrodes (Fig. 4c). The correlation was positive
for the low beta band (peak at 12.69 Hz with r 0.17). The inset
shows a scatter plot of RT versus normalized power (averaged
over electrodes) at that frequency for each trial. A regression
between RT as a function of an intercept and normalized power
(after excluding outlier trials) at 12.69 Hz was significant (beta
32.73, t(155) 3.42, p 8.04 10
	4), consistent with the main-
tenance hypothesis. At higher beta frequencies, the relationship
between BBA and RT was negative (at 30.27 Hz, r	0.11). At
this frequency, a regression ofRT as a function of an intercept and
normalized power was negative and significant (beta	19.33,
t(161)  	2.02, p  0.045), consistent with the attentional
hypothesis.
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Figure 4. Relation between prestimulus BBA and RT.a,b, Normalized prestimulus power spectra grouped into two RT quantiles and averaged over all trials within that group, all electrodes, and
all sessions for Monkey T (a) andMonkey O (b). The two quantiles are the 15% largest (slowest) RTs and the 15% smallest (fastest) RTs. The power spectra have been normalized, and their z scores
are plotted against frequency (Hertz). Gray represents SE over sessions. c, The partial correlation betweenRT andnormalized power at each frequency, averaged over electrodes, for all trialswith the
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We repeated the same correlational analysis across all sessions
and over all coherences. For each session, we computed the par-
tial Spearman correlation betweenRT andBBA at each frequency
while controlling for the coherence of the checkerboard.We then
averaged the partial correlations over the electrodes for each ses-
sion and then over sessions. Correlation analyses exploiting the
simultaneous nature of our recordings were not notably different
from the averaging analysis, so we only report the results ob-
tained from averaging partial correlations over electrodes. Con-
sistent with the analyses of peak frequency detailed above and the
single example session, we found a positive correlation between
BBA and RT 15 Hz (at 15.625 Hz, r  0.04 with p  2.59 
10	4) and a negative correlation between BBA and RT at30Hz
(at 31.25 Hz, r	0.05 with p 0.03; Fig. 4d).
These population analyses suggest that the presence of signif-
icant correlations is inconsistent with the postural holding
hypothesis. However, varying correlations by frequency are con-
sistent with both the maintenance hypothesis (purely positive
correlations with BBA) and the attentional hypothesis (purely
negative correlations with BBA) within different subregions of
the beta band (maintenance for low BBA and attentional for high
BBA).
RT covaries with poststimulus BBA power and frequency, and
poststimulus  band power
We next repeated these analyses on the poststimulus (postcheck-
erboard) BBA to better understand its relation to RT. Across both
monkeys during the poststimulus period, the slower RTs (85th
percentile) have more power in the lower frequencies of BBA
(15–25 Hz; Fig. 5a,b). In Monkey O, in the higher frequencies
of BBA (25 to 35 Hz), the faster RTs have more power. Com-
bined, this leads to a frequency shift between the RT quantiles,
with the power spectra for the slower RT trials slightly shifted
toward the lower frequencies. In Monkey T, the slower RTs have
more power for both the low and high frequencies of BBA, so the
perceived shift is perhaps less apparent.
We again computed the peak frequency for the poststimulus
BBA and found a significant increase in peak frequency for faster
RTs (0.67 Hz higher median peak frequency for the faster RT
trials, p 6.738 10	5). Similarly, partial correlations between
BBApeak frequency andRTweremodest but significant (median
r  	0.011 with p  0.029). Finally, across both monkeys, the
correlation between poststimulus power and RT is positive for
both low and high beta (at 21.48 Hz, r  0.12 with p  4.84 
10	20; Fig. 5c). We found for the poststimulus period that the
correlation is negative for 	 activity in the low 	 band (at 46.88
Hz, r	0.04, with p 3.6149 10	5), which is consistent with
the increase in low 	 activity from the prestimulus to poststimu-
lus periods seen in Figure 3f.
Our analysis thus far has revealed that multiple facets of pre-
stimulus and poststimulus BBA (and to some extent 	 band ac-
tivity) covary with RT. To better understand the relationship
between RT and prestimulus and poststimulus BBA power and
frequency, we used each of these variables as regressors to a GLM
that attempted to explain log RT as a linear mixture of the com-
ponents.Weused logRT instead of RT alone tomake this analysis
comparable with the Spearman rank correlationmethod we used
for the correlation analyses. Specifically, we regressed log RTwith
the factors: coherence, prestimulus low beta power (10–20 Hz),
prestimulus high beta power (21–29 Hz), poststimulus low beta
power (10–20 Hz), poststimulus high beta power (21–29 Hz),
prestimulus peak frequency of BBA, poststimulus peak frequency
of BBA, and an intercept. We used linear regression to estimate
the coefficients for each session and a sign test to test for
significance.
The results closely followed the trends of the correlations we
performed. Coherence (our experimental manipulation) was
negatively related to RT (b  	0.082, p  3.09  10	17). Pre-
stimulus low beta power was positively related to RT (b 0.014,
p 0.049), whereas prestimulus high beta power was negatively
related to RT (b	0.0122, p 6.74 10	5). Prestimulus peak
frequency of BBAwas negatively related toRT (b	6.2 10	4,
p  0.049), and poststimulus peak frequency of BBA was nega-
tively related to RT (b	5.9 10	4, p 0.007). Finally, both
poststimulus low and high beta power were also positively related
to RT (b 0.019 with p 2.17 10	5 and b 0.017 with p
1.02 10	10, respectively).
Together, these different analyses suggest the following pic-
ture: for the prestimulus period, faster RTs are accompanied by a
shift in the BBA toward the higher beta frequencies, whereas
slower RTs are accompanied by lower beta frequencies. For the
poststimulus period, the pattern ismore nuanced; slower RTs are
accompanied by across the board increases in beta band power,
whereas faster RTs are accompanied by higher frequencies of
BBA and by an increase in 	 band activity.
One potential interpretation for our results for the poststimu-
lus period is a shift in the component frequencies of the LFP, this
time across multiple frequency bands, as well as an increase in
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power in the 	 band. That is, on faster RT trials, there could be
less overall BBA and slightly more low 	 band activity, with the
opposite being true for the slower RTs.
Simulations further suggest that frequency shift in BBA as a
plausible mechanism for the observed pattern of correlation
One concern from the analyses presented above is that the corre-
lation and regression patterns we see in the BBA are somehow
artifactual and are arising largely from the changes in power as a
function of RT. We therefore performed a simple simulation to
better understand the patterns of correlations between RT and
power at each frequency. We do not propose that these simula-
tions are in any way physiologically representative. Instead, the
goal of these simulations is to reaffirm the patterns that we ob-
served from analysis of the relationship between BBA and RT,
and to ensure they are not an artifact of our correlation analyses.
The schematic for this simulation analysis is shown in Figure
6a. First, we randomly generated RT values within the range of
RTs typically observed for our monkeys. Then, based on these
values and a variety of governing equations for frequency and
amplitude, we simulated LFP signals for these hypothetical trials.
The signal was defined as follows:
signal  Amplitude * sin2 * Frequency * t
where amplitude and frequency are constants, linear increasing
functions of RT, or linear decreasing functions of RT, with added
noise. We then calculated the power spectra of these simulated
signals from these trials and correlated these power spectra to
their corresponding RTs. For each group of frequency and am-
plitude equations, we generated 1000 simulated trials with corre-
sponding RTs, simulated LFP signals, and power spectra. The
correlation coefficient as a function of frequency between the
simulated power spectra and RTs is shown in Figure 6b for the six
paradigms.
We first considered the simple case that power (amplitude) in
BBA changes with RT. Power modulation alone fails to explain the
observed correlation pattern shown in Figure 4d (in Fig. 6bi–ii). The
correlations between prestimulus BBA and RT observed in the real
data (shown in Fig. 4d) most closely match the correlation when
frequency is negatively related to RT. This relationship is robust
regardless of the relationship between amplitude and RT (shown
in Fig. 6biv–vi). These findings indicate the presence of a relation-
ship between prestimulus BBA frequency composition and RT,
suggesting that prestimulus BBA component frequencies are neg-
atively related with RT.We note that these simulations have only
suggested one plausible mechanism, which is a change in the
center frequency of the beta band. A change in proportions of
bursts at low andhigh beta frequencies is another potentialmech-
anism for explaining these results.
These simulations also suggest that when BBA frequency is
negatively correlated with RT, the point at which correlations
shift from positive to negative is modulated by the relationship
between BBA power and RT. The correlations between post-
stimulus BBA and RT observed in the real data (shown in Fig. 5c)
most closely match the correlation when BBA frequency is nega-
tively related to RT and amplitude is positively related to RT (Fig.
6bv) because the switch from positive to negative correlations
happens at a higher frequency when BBA amplitude is positively
correlated with RT. These simulation results provide additional
credence to our postulate that faster RTs are accompanied by
higher frequencies of BBA both prestimulus and poststimulus.
Slower RT trials are accompanied by low beta activity before
cue onset
Our analysis of BBA has thus far focused on the entirety of the
prestimulus and poststimulus interval. However, it is increas-
ingly clear from multiple studies that BBA is transient and per-
haps, when averaged over multiple trials, appears to be sustained
(Feingold et al., 2015; Lundqvist et al., 2016; Shin et al., 2017).
The use ofwavelets allows better time and frequency resolution in
estimating how BBA varies across time. We therefore recom-
puted the time–frequency representation of our data, this time
using Morlet wavelets (Fig. 7a). This wavelet analysis again con-
firms the presence of both low and high BBA in the 600ms before
the checkerboard cue. After the checkerboard cue appears, BBA
decreases again.
To better understand how BBA relates to RT over the time
course of the task, we computed the partial correlation of each
voxel of the spectrograms with RT while controlling for stimulus
coherence. After controlling for multiple comparisons using the
FDR procedure (p 0.05), we identified regions with significant
correlations, with the rest set to zero (Fig. 7b). Well before the
checkerboard onset (	600 ms to 	500 ms before), high BBA
(20–30 Hz), and low 	 band activity are negatively correlated
with RT. At the time of checkerboard onset, high BBA is nega-
tively correlated with RT (	300 ms up to the appearance of the
checkerboard) with low BBA positively correlated with RT. After
the stimulus, the correlation becomes positive for both low and
high BBA and negative for the 	 band. These findings with the
wavelet analyses are reassuringly consistent with our findings in
Figures 4d and 5c for the overall prestimulus and poststimulus
periods.
Some studies have investigated the temporal relationship be-
tween BBA and behavior (Shin et al., 2017). To better understand
the relationship between temporal profile of BBA and RT, we
again split the trials into those with the 15% slowest (largest) RTs
and the 15% fastest (smallest) RTs. After averaging the spectro-
grams over trials and then electrodes, we found the difference
between the two (spectrogram for slowest, fastest) and then av-
eraged over sessions. After controlling the FDR using the FDR
procedure, we plotted spectrogram values with significant differ-
ences (Fig. 7c; p  0.05). We also averaged the difference spec-
trogram from Figure 7c over 200 ms time bins and plotted the
difference power spectra and the error over sessions in Figure 7d.
Well before the checkerboard onset (600–400 ms before,
Fig. 7c,d), the presence of high beta activity is greater in trials with
fast RTs than those with slow RTs. This suggests that greater high
beta activity well before the checkerboard onset is associated with
smaller RTs. These results are overall consistent with our corre-
lational analysis of the entire prestimulus period (from 600 ms
before checkerboard onset to the appearance of the checker-
board), which suggested that high beta was negatively correlated
with RT (Fig. 4d).
Close to the appearance of the checkerboard (from 200 ms
before to checkerboard onset), the presence of low beta activity is
greater in trials with slow RTs than those with fast RTs. Thus,
greater low beta activity immediately before the checkerboard
appears to be associated with larger RTs, a result broadly consis-
tent with findings that beta events before stimulus onset have a
deleterious impact on perception (Shin et al., 2017).
After the appearance of the checkerboard but largely before
movement onset (up to200ms after), the presence of both low
and high beta activity is greater in trials with slow RTs than those
with fast RTs, which is consistent with our correlational findings
for the overall poststimulus period (Fig. 5c).
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Deeper cortical layers have stronger activity in the low beta
range than the superficial layers
The secondary goal of our study was to further clarify how BBA
changes as a function of cortical depth. The use of linear multi-
contact electrodes (Fig. 2g) provided us with simultaneous re-
cordings across several cortical depths and allowed us to examine
whether therewas a relationship between cortical depth andBBA.
To examine the degree towhich prestimulus power in the beta
region varied with electrode depth, we divided the electrodes into
two groups: the superficial (electrodes 1:8) and the deep (elec-
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trodes 9:16). Deeper electrodes (coarsely corresponding to
deeper cortical layers) havemore power at the10–20Hz region
(Fig. 8a; median power difference of 0.067, distributions across
sessions significantly different with p 6.80 10	16). The peak
frequency is also different for superficial and deep electrodes. The
peak frequency for superficial electrodes is also higher than that
of deep electrodes (median difference of 0.95 Hz, distributions
significantly different with p 1.49 10	12).
This pattern of deeper electrodes having more power than
surface electrodes at the10–20Hz (low beta) region is also true
of the poststimulus period (Fig. 8c; median power difference of
0.031, distributions across sessions significantly different with
p  4.0421  10	9). During the poststimulus period, the peak
frequency for superficial electrodes is higher than that of deep
electrodes (median difference of 0.56 Hz, distributions signifi-
cantly different with p 4.04 10	9).
These results both prestimulus and poststimulus are consis-
tent with a recent report that examined LFPs in rostral PMd and
found higher levels of alpha and BBA in deeper layers of cortex,
whereas 	 was more prevalent in the superficial layers of cortex
(Bastos et al., 2018).
Correlation between BBA and RT does not vary significantly
by depth
To examine whether BBA from certain cortical layers was more
strongly tied with RTs, we performed the partial correlation with
RT over two depth groups: superficial (electrodes 1:8) and deep
(electrodes 9:16). For both prestimulus (Fig. 8b) and poststimu-
lus BBA (Fig. 8d), the correlations for each group of electrodes
produced the same shape as the correlation over all electrodes
shown previously. The correlations for the superficial and deep
electrodes are essentially the same, the correlation for one depth
group is not dramatically different in magnitude or shape than
that of the other. In the previous section, we showed that the peak
frequencies for BBA were different at the level of the power spec-
tra. However, the frequencies at which the correlation peaked
c
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were also not significantly different between superficial and deep
electrodes during either period; during the prestimulus period,
deep peaks at a slightly higher median frequency by 0.49 Hz, p
0.58; and during the poststimulus period, superficial peaks at a
higher median frequency by 0.98 Hz, p 0.32).
Discussion
The motivation for our study was to further understand the be-
havioral relevance of BBA and how it is organized as a function of
cortical depth. In a perceptual decision-making task, we found
that BBA was robustly present during the prestimulus and post-
stimulus periods and was related to the behavioral RT. During the
prestimulus period, low beta frequencies (15–20 Hz) were posi-
tively correlated with RT, whereas high beta frequencies (25–30
Hz) were negatively correlated. The observed frequency-
dependent correlation might correspond to a negative relation-
ship between RT and the component frequencies of prestimulus
BBA. During the poststimulus period, all frequencies of BBA
(15–35 Hz) were positively correlated to RT. We also found
that deeper electrodes had higher power in the low beta frequen-
cies (15–20 Hz) than superficial electrodes for both the pre-
stimulus and poststimulus periods.
“Maintenance of current state” and “attentional” hypotheses
help explain BBA in PMd
The nuanced relationship we discovered between BBA and RT is
relevant for the ongoing discussion regarding the role of BBA.
Currently, three main hypotheses exist, and each hypothesis has
corresponding expected relationships between BBA and RT.
The postural hypothesis posits that BBA is a result of the
maintained holding of a hand position and has no relationship to
eventual behavior. For our experiment, one would predict no
relationship between BBA and RT (Baker et al., 1999; Kristeva et
al., 2007), a hypothesis inconsistent with our findings that both
prestimulus and poststimulus BBA were related to RT.
Correlations between BBA and RT during the prestimulus
period support both of the two remaining hypotheses. Themain-
tenance hypothesis asserts that BBA represents a willingness to
maintain the current state of either rest or movement, with
greater levels of BBA reflecting the “desire” to maintain the hold
ba
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position and resulting in slowermovement and an increase in RT
(Gilbertson et al., 2005; Pogosyan et al., 2009; Engel and Fries,
2010). Our finding of a positive correlation between BBA and RT
for low beta frequencies is consistent with the maintenance hy-
pothesis. The attentional hypothesis, which suggests that greater
BBA reflects more attentional engagement with the task, would
suggest a negative correlation betweenBBAandRT (Bouyer et al.,
1987; Murthy and Fetz, 1992; Zhang et al., 2008; Saleh et al.,
2010). The negative correlation between BBA and RT for high
beta frequencies supports the attentional hypothesis.
During the poststimulus period, we found that BBA was pos-
itively correlated with RT for both low and high frequencies,
which is consistent with themaintenance hypothesis. During this
period, it appears as if BBA of any frequency (low or high) reflects
processes incompatible with movement initiation, such as a will-
ingness to maintain the current state of being.
This constellation of results suggests that the beta band is not
a monolithic signal and consists of activity in at least two fre-
quency sub-bands that dynamically emerge in different task ep-
ochs, perhaps reflecting distinct behavioral demands placed on
the animal (Buschman et al., 2012; Spitzer and Haegens, 2017).
We expand on this theme in the next section.
BBA is better understood when split into two
frequency bands
By examining the correlation at each frequency, rather than av-
eraging over thewhole beta frequency band, we found that BBA is
better understood as being composed of at least two frequency
sub-bands: low beta (13–20 Hz) and high beta (25–30 Hz).
Future work should test whether there are distinct beta1 and
beta2 bursts or just modulation of the dominant frequency of
BBA (Lundqvist et al., 2016; Shin et al., 2017).
Our nuanced view of BBA has some precedent in literature,
with human EEG, rat studies, and somemonkey studies referring
to a beta1 band (15Hz) and a beta2 band (25Hz) (Haenschel
et al., 2000; Kramer et al., 2008; Khayat et al., 2010; Kopell et al.,
2011; Cannon et al., 2014). In monkeys, Kilavik et al. (2012)
examined motor cortical BBA during a visual multiple delay
reaching task and suggested a similar separation. They posited
that low beta frequencies were the result of widespread networks
involved in top-down (conscious) processing and expectation of
movement-related visual information, whereas higher beta fre-
quencies emerged from bottom-up visual information process-
ing and movement preparation (Kilavik et al., 2012).
The prestimulus period of our task incorporates the behav-
ioral components identified by Kilavik et al. (2012) for both fre-
quency sub-bands of BBA - the monkey is expecting the visual
checkerboard stimulus, is viewing relevant reach targets, and is
preparing for one of two armmovements.We take the stance that
the frequency composition of the prestimulus period reflects
these different processes in the decision-making task. Therefore,
it is not unreasonable that we see both low and high beta frequen-
cies and positive and negative correlations between BBA and RT.
As the task progresses, the visual checkerboard (a bottom-up
visual stimulus) appears.We speculate that the appearance of the
checkerboard triggers a cognitive process that involves delibera-
tion on the visual stimulus and likely movement preparation for
the armmovement to report the decision. In the framework pro-
posed by Kilavik and collaborators, such processes should induce
activity in multiple beta frequencies, which is consistent with the
broader frequency range of BBA and 	 band activity we see in the
poststimulus period. It remains to be understood why increased
beta of any frequency during this period is associated with slower
RTs.
Beyond the LFP
Our study has focused onBBA in the LFP and behavior.We chose
to analyze the LFP because it provides a population-level, spa-
tially averaged description of neural activity. We anticipate sim-
ilar effects in spiking neurons, and preliminary analysis of our
spike trains suggested BBA in many neurons and multiunits.
However, analysis of single-neuron spike trains is often difficult
because of themixture of both Poisson and non-Poisson variabil-
ity in these spike trains. Typical noise-reduction steps, such as
convolution of spike trains with various filters, end up low pass
filtering spike trains, which would lead to severe attenuation of
signals at beta frequencies and the overemphasis of slower dy-
namics.We take the view that these spikes and LFPs are emerging
from a dynamical systemwith activity at multiple time scales and
that there is a need for collectively understanding both slow and
fast dynamics in neural activity. Single-trial analysis methods,
including those that use recurrent neural networks, would facil-
itate such analyses (Pandarinath et al., 2018).
Greater low-frequency beta in deeper electrodes is consistent
with hypotheses about the generation of BBA
We found that electrodes placed deeper in the cortex, whose po-
sition approximately corresponds to layer V, have higher power
in the low beta range (15–20Hz) than superficially placed elec-
trodes during both the prestimulus and poststimulus periods.
Twomain hypotheses exist regarding the generation of BBA: it
is either generated locally, perhaps in layer V of motor cortex, or
it is generated distally and transmitted from elsewhere (Khanna
and Carmena, 2015; Spitzer and Haegens, 2017). Our finding of
greater power in low beta frequencies for deeper electrodes is
consistent with both predominant hypotheses; greater power
could either indicate the BBA being generated in that layer (local
hypothesis), or it could indicate that the distally generated BBA is
projected into that layer (distal hypothesis).
A few studies have examined relationships between BBA and
cortical depth. One study examined synchronization of BBA at
various depths in the inferior temporal cortex during the passive
repetition of visual stimuli (Kaliukhovich and Vogels, 2012). A
recent laminar study of LFP power in frontal cortex, including
rostral PMd, found greater power for low frequencies of BBA in
deeper cortical layers (Bastos et al., 2018) - a result that predicted
our observations here. In the future, we expect it to be possible to
combinemethods that estimated the current source density using
flashed wide-field stimuli (Godlove et al., 2014; Bastos et al.,
2018) with the power and correlation analyses presented here to
better understand how BBA changes across cortical layers during
decision-making.
Even though few studies focus on how BBA changes as a func-
tion of cortical depth, many have hypothesized about its origin
and built computational models (Lee et al., 2013; Cannon et al.,
2014). Despite these studies advancing our understanding of the
biophysical basis of BBA, we still lack clarity about its underlying
generators because these modeling studies focus on results from
in vitro experiments in sensory cortices, with only one study fo-
cusing on the motor areas. Our study complements Bastos et al.
(2018) and provides further evidence from premotor cortical ar-
eas in monkeys performing demanding cognitive tasks that also
involve the somatomotor system. We anticipate that our data
showing greater power in the lower frequencies of BBA will help
constrain computational models of BBA. Studies involving lam-
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inar recordings in other BBA-associated structures are needed to
build the next generation of computational models of BBA. Ide-
ally, these future studies would include decision-making, in-
structed delay, and somatosensory perturbation tasks that engage
the different processes that are postulated to be associated with
BBA.
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